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Abstract. In this paper we will make some statistical inferences based on likelihood technique, LS 
analysis, t-test, F-test, regarding the genetic control of some quantitative traits variation in a backcross 
or in a F2 population of gladiola. The datasets representing the trait considered are simulated using 
logistic growth curves.  The processing of data were performed using Statistics Toolbox in Matlab and 
the results reveal the existence of significant QTL responsible for the trait analysed. 
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INTRODUCTION 
 
 
 
Most traits in nature of agronomic and horticultural interest vary continuously. The 
expression of these traits is affected by an unknown number of genes and by environmental 
changes. The study of these, called quantitative traits is difficult due to the complex nature of 
their inheritance. There exist quantitative genetic methods that combine Mendelian 
inheritance and classical statistical approaches (Lynch and Walsh, 1998). These methods 
identify major genes and control different traits important in agriculture, biology science, 
biology science, zoology. Recent developments of genomic technologies provide the 
molecular characterization of polymorphic markers throughout the entire genome that are then 
used to identify and map the genes or quantitative trait loci (QTLs), underlying a quantitative 
trait based on linkage analysis: QTL mapping, interval mapping, functional mapping (Jansen, 
1994;Casella and Berger, 2001; Lander and Botstein, 1989; Kao et al., 1999; Wu et al., 
2002a; Zeng, 1994). These methods, applied on experimental data generate scientific 
guidance for plant and animal breeding, and provide evolutionary predictions for various 
developmental events. Statistical analysis is an important tool for analyzing genome data, 
which are now available for a wide variety of species. There are many methods developed for 
QTL mapping: t–tests and analysis of variance, least–squares analysis (LS), maximum–
likelihood analysis (ML), and Bayesian analysis. These methods differ in efficiency in terms 
of extracting information, flexibility regarding handling different data structures, 
computational requirements, and ability to map multiple QTLs (Lynch and Walsh, 1998). 
 
PRELIMINARIES 
 
QTL mapping comprises two statistically independent parts: the first models 
association between the QTL genotype and the phenotype and the second locates the QTL in 
the genome. There are two general experimental designs, which are generated with two inbred 
lines, P1 and P2, for positioning QTL. The offspring of the two inbred lines is called F1, 
which is heterozygous for all loci. The offspring between the F1’s is F2 (with three possible 
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 genotypes for a given locus). If the F1 is mated back with either of its parents, the backcross 
generation with two genotypes for each locus is formed. Because recombinations between 
different loci are unobservable in the F1 population, statistical analysis of QTL mapping can 
be only made for the F2 and backcross population. The backcross population has two 
genotypes. The F2 population has three genotypes. The crossing procedure can be illustrated 
by the following scheme:  
 
Linkage is the tendency for genes to be inherited together because they are located 
near one another on the same chromosome. A measure of the linkage of markers (called map 
distance) is described in terms of the number of recombinations between two given genes. 
The function that converts the recombination rate to map distance is called map function. The 
most used map function is Haldane function,  Der 21
2
1   where D is the genetic distance 
between two considered genes. 
Likelihood-Estimation 
Most of the statistical inferences made in genetics are based on the likelihood analysis. 
These aim to obtain methods for computing and optimizing the likelihood. The Likelihood 
Estimation method chooses the estimated parameter , as the value that maximizes the 
likelihood,   ),,,(,,, 2121  nn yyyfyyyL    where 
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the sample density function depending on parameter   and nyyy ,,, 21   is an iid sample. The 
sample density defines the relationship between the sample and the model and because of this 
we must estimate the unknown parameters. Supposing that nYYY ,,, 21  is an iid sample from a 
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 Often is easier to work with the logarithm of the likelihood (log-likelihood). The normal log-
likelihood from (1) is  
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The maximum Likelihood Estimator (MLE) is obtained differentiating (2) with respect to 
parameters , 2 and setting to zero: 
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4 . On sets tt+1 and repeat the steps 2 and 3 until convergence. 
Growth Functions 
Growth functions have been used for many years in biology in order to provide a 
mathematical summary on the growth of an organism or part of an organism with respect to 
the time. The term growth function connects dry weight W, to the time t, W=f(t), where f 
denotes some functional relationship. The development of these area has been in the both, 
plants and animals sciences (Hunt, 1982; Gompertz, 1825; Robertson, 1908). In the plant 
sciences, the technique based on growth functions is known as “growing analysis”(Warrant et 
al., 1986) and (Hardwick, 1984). The modeling of growth curves  requires the choice of a 
mean function and a covariance function. There exist linear and non-linear models. The most 
non-linear mean models for growth curves are: Logistic, Gompertz, Richards, Weibull. In this 
study we used the logistic growth curve. Logistic growth suggests that the relative growth rate 
decreases linearly with the increase already achieved.  
Analysis at the Marker 
We can use observable markers to predict unobservable QTLs using the linkage between 
markers and QTLs [4]. The association analysis between the markers and phenotypes 
generates the effect of a putative QTL on phenotypic variation. A single marker analysis 
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 identifies the existence of a QTL, but it can not find the QTL location. The marker analysis 
can be made using Welch's t-test. We consider a backcross population with two possible 
genotypes for a given locus. Let 0  and 1  be the true trait means of two different groups of 
genotypes and m0 and m1 be the corresponding sample means. The test hypotheses can be 
formulated as: 010 :  H , 011 :  H . The significance of the difference between the two 
means can be established using the t statistic:
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testing will be established using an ordinary Student's t distribution with the degrees of 
freedom calculated with
   
11
..
2
2
2
2
2
1
2
1
2
1
2
2
2
2
1
2
1











n
ns
n
ns
n
s
n
s
fd . We reject the null hypothesis if .. fdt   
and conclude that the considered marker is not significantly associated with a certain trait.  
The single-marker analysis can be made in case of the QTL is not at a marker [4]. 
Considering a backcross design, there are two observed genotypes, M1M1 and M1M2 at each 
marker. The QTL genotype can be Q1Q1 or Q1Q2 with probabilities (1-r)/2 and r/2, where r is 
the recombination fraction between the QTL and marker. The phenotype of a trait that follows 
a normal distribution can be linked by the phenotypic means for the marker genotypes 
through the mixture model, observed M1M1: ),(),()1(~
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In this case, the null hypothesis of no linkage can be tested using the likelihood-ratio statistic 
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   (5). We reject H0 when   is too small or when the value 
log2  is big. The statistic test   will be calculated by maximizing the numerator and 
denominator of the expression (5).  In order to do that we will differentiate the logL obtained 
from (4) with respect to parameters 1 , 2 ,
2 , r  and then we will set them to zero. The 
parameters are founded by an iteration scheme: first 1 , 2 ,
2  and then, using the current 
estimates we find r. On iterate until convergence. 
QTL Regression Estimator 
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 We consider the sampling data niyt ii ,,1 ),,(  , where ),,( 1 nyyy  is the vector of 
observations of some trait, considered at it equal spaced sampling points. According [10], the 
mathematical model of linear regression is iii tfy  )( , where )( itf are the values of some 
unknown function )(tf and i are the statistical errors, ),0(
2N distributed. A parametric 
regression model assumes that the underlying function is in the form of );()(  ff , where 
 is a vector of parameters. The linear model is expressed as   Xy (6), where X is a 
)1(  kn  matrix of the regressor variables. The generalized least squares estimator (LS) is  
yXXX TT  1)(  (7). 
We also assume a backcross design of n plants phenotyped for the trait y and a QTL 
with two known genotypes, Qq (denoted by 1) and qq (denoted by 0). In order to estimate the 
effect of a QTL on a trait we can use the regression model iii azy    (8), where iy is 
the phenotypic value for the plant i,  is the mean of population, iz  is the indicator variable,  
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Qq is genotype QTL if  1
iz , a is the additive effect of the QTL and i are the errors, 
normally distributed. The regression model (8) can be extended to estimate and test the 
genetic effects of a QTL in a F2 population with three QTL genotypes, QQ (denoted by 2), Qq 
(denoted by 1), and qq (denoted by 0). The regression model for F2 is 
iiii dzazy   21 (9), where d is the dominance effect of the QTL, iz1 , iz 2 are the 
indicator variables of the form 
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2iz . The LS method will estimate the regression 
coefficients a, d and the intercept  . Testing the significance of a and d using F-test we can 
determine if a certain QTL influences a particular trait. 
 
 
MATERIAL AND METHOD 
 
In this study we use the statistical approach based on MLE in order to establish the 
genetic control of some traits variation in a gladiola cultivar. We studied the dynamic pattern 
of length of inflorescences, length of leaves, and length of stem. We apply MLE method on 
simulated datasets. We modeled the datasets by the logistic growth curve, which has a 
mathematical form
te
tg




1
)( , where a is the asymptotic or limiting value of g when 
t, a/1+ is the initial value of g when t=0 and g is the relative rate of growth. For a 
particular genotype j, the parameters describing the corresponding growth curve are jj  ,  
and  j  .  If we observe actual growth, we use this model in the form iti ie
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where ti is the time of measurements and i  is the error term, ).,0(~
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the length of inflorescences we set the logistic growth curve ite
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)( , where 
)2.0,0(~ 2Ni  and t is the time measured in weeks after the gladiola corms planting.  
519
 To determine if any affect QTL and how this affects the length of inflorescences 
growth, we will test the difference of some functions of these parameters. The phenotypes of 
the considered trait at all time points for each QTL genotype group follow a multivariate 
normal distribution. To establish the genetic control of a “length gene”, we suppose that these 
gene segregate in an F2 population according to Mendel’s first law. In this case we expect to 
get the genotype AA:Aa:aa in the ratio 1:2:1. We hypothesize that the gene associated with 
“length” segregates in the ratio p:q:1-p-q for genotypes AA:Aa:aa, the values of p and q being 
unknown. The model of the inflorescence length can be written as a mixture model [4], in the 
form  
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 where εi is an error term, typically taken to have a normal distribution with mean 0 and 
variance σ2. Let be AA  the normal density with mean AA  and variance 
2 . Similarly we 
denote by Aa  respectively aa the normal density distribution with mean Aa  respectively 
aa . Consider ),,,( 21 nyyyy   the vector of the expected phenotypic value corresponding 
to QTL genotype group j at the time ti. In these case the likelihood and log-likelihood 
functions are respectively:  
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(10). In order to find 
the MLE estimator, first we differentiate with respect to parameters AA , Aa , aa  
respectively 2  the equation (10). Then we set the initial values for the parameters as: 
)max( yAA  , )(ymeanAa , )min( yaa  and follow the steps 14 described in the 
section Likelihood-Estimation. The iterative algorithm properly MLE determination, based on 
the steps 14 and Annex B from Wu et al., 2007 were carried out by using the Statistics 
toolbox in Matlab application. The normal parameters corresponding to the length of gladiola 
inflorescence, estimated under the assumption that the “length gene” segregate in the ratio 
1:2:1, in an F2 population are: 89.22ˆ AA , 39.18ˆ Aa , 08.13ˆ aa , .1.0
2  Fig. 1. 
displays the convergence of the estimates of the three means and the estimation of the 
variance, after 50 iterations. 
In what follows we apply the marker analysis on the dataset y representing the length 
of leaves (in cm) of 16 experimental variants of gladiola flowers, at fifteen weeks after the 
corm planting. The data were simulated by the logistic growth curve 
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
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 45.05.51
30
)( , where )2.0,0(~ 2Ni , t is the time measured in weeks, t=15 and 
i=0,2,4,6,8,10,12,14,16,18,20,22,24,26,28,30. Suppose that the data are grouped into two 
marker classes. M1M1: y=( 39.79, 45.75, 49.72, 53.7, 57.67, 59.66, 61.65), M1M2: y=( 31.84, 
33.82, 35.81, 37.8, 41.77, 43.76, 47.74, 51.71, 55.69). 
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Fig. 1. The convergence of the estimates after 50 iterations 
 
The sample’s means and variances of the marker classes are 66.52
11
MMm , 
22.42
21
MMm , 99.62
2
11
MMs , 90.67
2
21
MMs . To test H0 we apply Welch's t-test and we 
obtain 54.2t , d.f.=0.83. So, we conclude that there is difference in the two groups of 
markers and hence we deduce that marker M1 is significantly associated with the length of 
leaves. This statistic does not have the usual Student-t null distribution. In order to get the null 
distribution of the test statistic we can use a permutation test which distributes date at random 
into one of the two groups, many times. The calculated t-statistics are then included into a 
histogram which is the null distribution. 
Consider further the same marker classes. M1M1: y=(39.79, 45.75, 49.72, 53.7, 57.67, 
59.66, 61.65), M1M2: y=( 31.84, 33.82, 35.81, 37.8, 41.77, 43.76, 47.74, 51.71, 55.69) of the 
length of leaves (in cm) of 16 experimental of gladiola flowers. We calculate the MLEs of 
r,,, 221   following the steps 14 and the algorithm presented in Annex B from [4]. We 
get the estimates 44.54ˆ1  , 47.39ˆ 2  , 28.5s , 21.0r . Fig. 2. displays MLEs for 
length of leaves, obtained using 150 iterations. In order to establish the significance of the 
hypothesis test, we do a permutation test, 6000 permutations samples (see Fig. 3.). For the 
0.05 significance level, the test statistics calculated is 5.203. In conclusion, we reject the null 
hypothesis and therefore exists a QTL near the marker M1, so we have linkage. 
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Fig. 2. MLEs for the length of leaves after 150 iterations 
 
Next we consider a F2 population of twelve experimental variants of gladiola, with 
three QTL genotypes, at fifteen weeks after corm plants. We also assume that each plant was 
genotyped for two markers and measured for length of stem flower. The length of stem flower 
was simulated with the growth curve, ite
i
tf 



 35.005.51
25
)( , )2.0,0(~ 2Ni  and t is the 
time measured in weeks, t=15 and i=0,4,8,12,16,20,24,28,32,36,40,44. Tab. 1. displays the 
values for two genotyped markers and for length of stem flower in a F2 design.  We will 
estimate and will test the genetic additive effect a and the dominance effect d of the QTL on 
length of stem flower of gladiola. Choosing the matrix of regressor variables  
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and using relation (7), we obtain the estimation of the parameter ),,( da  , 
ˆ (58.81,3.71,5.61). The total sum of squares, SST=
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i
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i
iii dzazy  , Fcalculated=0.46, F0.05;3,9=3.86. 
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Fig. 3.  Permutation distribution of the likelihood ratio statistic log2  obtained using 6000 
permutations 
 
In conclusion, we deduce that the considered QTL does not exert a significant effect 
on length of stem flower in the F2 population of gladiola. 
If we study a backcross population of the same twelve experimental variants of 
gladiola, with two QTL genotyped for two markers and the matrix of regressor variables 
T
X 


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


0   1   1   0   1   1   0  1   0   1   1   1
1   1    1   1   1   1   1   1   1   1   1   1
, the  LS estimates of the parameters is ˆ =(54.60, 
10.22) and Fcalculated=4.42. In these case, we can  reveal the existence of the significant QTL 
affecting the length of stem flower in a backcross population of gladiola. 
Tab. 1. 
The values for three QTL genotypes and  length of gladiola’s stem flower in a F2 design 
 
Sample 
Length of the stem flower 
(yi) 
Marker M1 Marker M2 
1 34.143 2 2 
2 41.936 2 1 
3 57.523 2 2 
4 38.040 0 1 
5 26.349 2 1 
6 53.626 0 2 
7 30.246 2 2 
8 69.213 2 1 
9 61.420 0 0 
10 45.833 2 1 
11 49.730 2 0 
12 65.317 0 0 
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 RESULTS AND DISCUSSIONS 
 
 Statistical approaches presented in this paper have emphasized the evaluating of 
associations between markers and phenotypes. This association identifies and estimates the 
functional QTLs responsible with the genetic control of trait variation. The results of 
processing made in this study highlight the existence of a QTL effect on the following traits 
of some cultivars of gladiola: length of inflorescences, length of leaves, length of stem flower. 
The traits were analyzed in a F2 or in a backcross design.  
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